Abstract. Ultrasonic Guided Waves (UGWs) are a useful tool in structural health monitoring (SHM) applications that can benefit from built-in transduction, moderately large inspection ranges and high sensitivity to small flaws. This paper describes a SHM method based on UGWs, discrete wavelet transform (DWT), and principal component analysis (PCA) able to detect and quantify the onset and propagation of fatigue cracks in structural waveguides. The method combines the advantages of guided wave signals processed through the DWT with the outcomes of selecting defect-sensitive features to perform a multivariate diagnosis of damage. This diagnosis is based on the PCA. The framework presented in this paper is applied to the detection of fatigue cracks in a steel beam. The probing hardware consists of a PXI platform that controls the generation and measurement of the ultrasonic signals by means of piezoelectric transducers made of Lead Zirconate Titanate. Although the approach is demonstrated in a beam test, it is argued that the proposed method is general and applicable to any structure that can sustain the propagation of UGWs.
Introduction
Steel structures are ubiquitous in mechanical, industrial and civil engineering systems. Failure of these structures is often attributed to fatigue or fracture cracks. As in most cases cracks cannot be avoided, there is a need for non-destructive inspection (NDI) or structural health monitoring (SHM) techniques aimed at detecting structural deficiencies at early stage of deterioration.
NDI techniques such as acoustic emission (Roberts and Talebzadeh 2003) , eddy current (Sophian et al. 2001) , ambient-vibration based (Chondros et al. 1998) , and impedance-based methods (Giurgiutiu and Rogers 1997, Park et al. 2003) were proposed for the detection of cracks in steel structures. Methods based on ultrasonic guided waves (UGWs) gained increasing popularity owing to the *Corresponding Author, Assistant Professor, E-mail: pir3@pitt.edu capability of inspecting moderately large areas using a single probe attached or embedded in the structure while maintaining high sensitivity to small flaws (Alleyne and Cawley 1996 , Rose 1999 , Staszewski 2003 , Kundu 2004 , Giurgiutiu 2005 . UGWs and particularly Lamb waves were successfully used to monitor the propagation of fatigue cracks in plate-like metallic structures (Worden et al. 2000 , Fromme and Sayir 2002 , Fromme et al. 2004 , Leong et al. 2005 , Park et al. 2006 , Staszewski et al. 2007 , Kim and Sohn 2008 , Dutta et al. 2008 .
In the last decade the need for signal processing and pattern recognition in the fields of guided waves became evident to enhance the capability to detect size, locate and classify damage.
This paper presents a monitoring scheme based on discrete wavelet transform (DWT) and principal component analysis (PCA). Particularly, this study focuses on the onset and growth of fatigue cracks, which is relevant to predict the remaining life of steel structure. The DWT is known to be effective to de-noise and compress signals and to extract features that are sensitive to the presence of damage (Mallat 1989 , Paget et al. 2003 , Rizzo and Lanza di Scalea 2005 ). The PCA is a statistical technique introduced in 1901 (Pearson 1901 ) and developed independently thirty years later (Hotelling 1933) adopted in several fields spanning from medicine, to finance and engineering to reduce the dimensionality of data (Flury 1988 , Dunteman 1989 , Jolliffe 2002 . In SHM applications PCA was used for data compression, pattern recognition, and damage interpretation (Manson et al. 2001 , Johnson 2002 , Sohn et al. 2002 , Rippengill et al. 2003 , Mustapha et al. 2005 , Ni et al. 2006 , Yan et al. 2005a , 2005b , Tong et al. 2006 ).
The present study complements an ongoing effort aimed at identifying fatigue cracks in structural waveguides ). The scheme presented here uses a set of features extracted from unprocessed ultrasonic signals and from signals processed with the DWT. These features represent the element of a multi-dimensional damage index vector which is fed to a PCA. It is demonstrated that the PCA increases the sensitivity to detect damage and that the selection of the input vector is essential to improve the performance of the algorithm.
The algorithm presented here is applied to the detection of fatigue cracks in a steel beam. The probing hardware consists of wafer piezoelectric transducers (PZTs) used for both ultrasound generation and sensing. These PZTs are suitable for SHM applications as they are easy to attach to the structure surface or to embed in the structure.
Experimental setup
The experiment was performed on a 2.74 m long W6 × 15 (SI: W150 × 22.5) steel beam conforming with ASTM A36 material specifications. The dimensions of the steel section are shown in Fig. 1 . Two notches were cut into the bottom (tension) flange near the center of the beam-span as shown in Fig. 1(b) . These notches served as fatigue crack initiators, and also helped to increase the stress at this section in order to accelerate the development of fatigue cracks. The notches were designed to have a theoretical fatigue life on the order of 40,000 cycles at an applied stress range of 190 MPa. Notches on either side of the web were the same to mitigate any eccentric behavior. Fatigue cracks were expected to form at the sharp root of each notch. Four electrical resistance crack propagation gages were employed to monitor the onset and growth of the fatigue cracks. These gages were attached at both notch roots on the upper and lower surfaces of the flange (Fig. 2) .
The test bed was designed to be simply a vehicle to fatigue crack initiation and growth. Thus, specimen having a predictable fatigue behavior, at a reasonable scale, and in a reasonably short time period is required.
To produce the cracks, the beam was loaded in simple mid-span loading over a span length of 2.74 m. The midspan load was cycled from 4.5 kN to 40.5 kN resulting in a load range of 36 kN. Cycling was carried out using a sinusoidal function at 1 Hz rate. The 36 kN applied load corresponds to a tensile stress range of 190 MPa at the notch root of the tension flange. The minimum stress, at an applied load of 4.5 kN is 22.7 MPa. The notch site was continuously monitored for crack initiation. Fig. 3(a) shows the history of crack propagation in both west and east flanges of the steel beam as a function of the number of loading cycles. After approximately 9,000 cycles, cracks at each notch root were identified by the crack gages and could be observed visually. As the resolution of the crack gages was 0.25 mm, any crack smaller than this value could not be captured. Following every few thousand cycles, the cyclic loading was paused and a static load of 22 kN (average of fatigue load stress range) was applied to the beam.
Three PSI-5A4E type PZT wafer transducers (1.0 cm × 1.0 cm × 0.051 cm) were mounted on the bottom flange of the beam. One transducer acted as a transmitter and was placed in between the two sensors S 1 and S 2 which were located 50 cm apart (Fig. 2) . The crack initiator fell between the transmitter and sensor S 1 . A National Instruments PXI ® unit running under LabVIEW ® was employed for signal excitation, detection and acquisition. Five-cycle 10 volts peak-to-peak (ppk) 225 kHz toneburst modulated with a Hann window were used as excitation signals. The signals were sampled at 10 MHz and averaged ten times prior to storage to increase the signal-to-noise ratio.
Under the static load of 22 kN the data from the two PZT sensors were collected. A total of thirteen acquisitions were made. The acquisition numbers as a function of the number of load cycles is superimposed in Fig. 3(a) . The relationship between the acquisition number and the extension of damage as recorded by the crack gages is shown in Fig. 3(b) .
The selection of the driving frequency of 225 kHz was chosen for this analysis based upon the outcomes of a simultaneous study ). Based on the Raylegh-Lamb wave equation in plate structures (Rose 1999) , only the first symmetric S 0 and the first anti-symmetric A 0 modes can propagate along the bottom flange of the specimen under investigation.
Typical waveforms detected at the beginning and at the end of the fatigue loading protocol are shown in Fig. 4 . Fig. 4(a) shows the time history recorded by sensor S 1 when the structure was pristine. Owing to the different group velocities, the S 0 mode is clearly separated from the A 0 mode. Some ultrasonic trace is visible after the A 0 mode. This is the effect of mode scattering when the waves pass through the notch and of reflections with the boundaries. The time waveform recorded by sensor S 2 and shown in Fig. 4 (b) suggest that the A 0 mode may interfere with the symmetric mode traveling toward sensor S 1 and partially reflected from the crack initiators notches. This justifies the higher acoustic energy detected by sensor S 2 at the completion of the fatigue loading protocol (Fig. 4(d) ) with respect to pristine conditions (Fig. 4(b) ). The decrease of the acoustic energy detected by sensor S 1 after 18,000 cycles is visible in Fig. 4 (c) and it is the straightforward consequence of the presence of the fatigue cracks along the path between the transmitter and the receiver.
Structural health monitoring algorithm
The first step of the SHM algorithm implemented in this paper consisted of increasing the statistical population of the data. The noise was created by the MATLAB randn function that generates arrays of random numbers whose elements are normally distributed with zero mean and standard deviation equal to 1. The function was pre-multiplied by a factor that determines the noise level. A factor equal to 0.001 was considered to obtain a noise function representative background noise of the stored waveforms. For this purpose white Gaussian noise was added to the ultrasonic signals. For each acquisition 19 noise-corrupted signals were obtained. Thus, a total of 20 × 13 (the latter represents the number of acquisitions over the entire fatigue loading protocol) = 260 time histories were available. It should be pointed out that to increase the statistical population other solutions can be used by simply increasing the number of acquisitions, or, as suggested by Gupta et al. (2007) by triggering the sensing hardware to the peak of the sinusoidal fatigue cycle. Each waveform was windowed in order to divide the S 0 mode from the A 0 mode and to separate the latter mode from the spurious signals at the tail. By operating such a time windowing any effect due to mode conversion, scattering from the crack initiators notches, and reflections from the boundaries was ignored.
Ultrasonic signals were processed through the DWT, which decomposes the original time-domain signal by computing its correlation with a short-duration wave called the mother wavelet that is flexible in time and in frequency (Mallat 1989 , Paget et al. 2003 . DWT processing consists of two main parts: decomposition and reconstruction. The decomposition phase transforms the ultrasonic signal into wavelet coefficients following hierarchical levels of different time and frequency resolution. Each level contains the signal information both in the time and the frequency domain over a certain frequency bandwidth. The filtering outputs are then downsampled. De-noising of the original signal can be achieved if only a few wavelet coefficients, representative of the signal, from one or more levels are retained and the remaining coefficients, related to noise, are discarded. In the reconstruction process, the coefficients are upsampled to regain their original number of points and then passed through reconstruction filters. The reconstruction filters are closely related but not equal to those of the decomposition.
In the present study, the Daubechies mother wavelet of order 40 (db40) was considered. In previous publications (Rizzo and Lanza di Scalea 2005 , it was demonstrated that the db40 is suitable for the de-noising, compression and feature extraction of narrowband signals propagating in waveguides such as strands and rails.
In the present study, the eight largest wavelet coefficient moduli from the decomposition level associated with the frequency of the generated tonebursts were chosen. Eight coefficients were considered a good tradeoff between computational agility and significative representation of the driving signal.
In this study, six statistical features, namely the variance (var), the root mean square (RMS), the maximum amplitude (max), the peak-to-peak (ppk), the K factor, and the crest factor (CF) were considered. Given a discrete signal x made of N points and average x, such features are defined as
In the framework of the present UGWs based SHM approach, the function x was the unprocessed ultrasonic signal, the wavelet coefficient vector, or the reconstructed (de-noised) ultrasonic signal.
The features were used to compute a damage index defined as the ratio between a given feature F S 2 calculated from the signal detected by sensor S 2 , over the same feature F S 1 extracted from sensor S 1
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The inverse of Eq. (2) was calculated as well and the algorithm selects the highest scalar between the two. The selected scalar was then assembled to form a multi-dimensional index vector fed into the PCA algorithm.
PCA is a mathematical algorithm used to reduce the dimensionality of a data set for compression, pattern recognition and data interpretation. The algorithm projects, by a linear transformation, a high p-dimensional data vector X into a new lower q-dimensional data vector Z, known as principal components (Rippengill et al. 2003) . Given N data X i = (x 1i , x 2i ,…, x pi ) where i = 1,…, N, the reduced data vector is Z i = (z 1i , z 2i ,…, z qi ), whose elements are the linear combination of the original x ji ( j = 1,…, p) elements. Specifically z 1i is the linear combination having maximal variance; z 2i is the linear combination which explains most of the remaining variance and so on. If the p-coordinates are a linear combination of q<p variables, the first q principal components will completely characterize the data and the variance in the observed data corresponding to the remaining p-q coordinates would be zero. For the analytical formulation, the interested reader may refer to (Sharma 1996 , Manson et al. 2001 , Mustapha et al. 2005 , Tong et al. 2006 , Yan et al. 2005a , 2005b ) the PCA algorithm was implemented using Singular Value Decomposition as in (Sharma 1996 , Mustapha et al. 2005 .
Experimental results

Damage index analysis
In this section, the results from the single feature-based damage index are presented. Particularly, the results from the RMS-based damage index of the original signal, the wavelet coefficient vector and the reconstructed signal are discussed. Fig. 5 shows the value of the RMS-based damage index as a function of the sample number. The values associated with samples 1 through 60 may be considered as baseline data. The data beyond sample number 80 are associated to the data acquired after 10,000 cycles when the crack gages determined the onset and propagation of damage ( Fig. 3(a) ).
The results related to the propagation of the A 0 and the S 0 modes are presented in Figs. 5(a) and 5(b), respectively. Steps are visible in both plots every 20 sample numbers. Such steps reflects the circumstance that between two consecutive acquisition the size of the crack increased. The values associated with baseline data are close to 1 when related to the propagation of the symmetric mode (Fig. 5(b) ) and show a slight stepwise response when related to the propagation of the A 0 mode (Fig. 5(a) ). It is argued that this behavior is due to the interference of the reflections at the signal's tail. By observing Fig. 5(a) , the RMS-based damage index computed from the vector of the wavelet coefficients is more sensitive to detect the increase of the flaw size than the other two. This suggests that accurate mode selection and signal processing may improve the sensitivity to the presence of damage. The damage index related to the propagation of the symmetric mode denotes a rapid increase from baseline and damaged conditions. For this mode, processed data slightly outperform the unprocessed (original time waveforms) data.
Finally, it worth noting that the sample interval 61-80, associated with acquisition 4, was left undetermined. Fig. 3(b) indicates that at this acquisition the beam was intact. However, both Figs. 5(a) and 5(b) show a slight step of the damage-index value.
PCA analysis
The PCA was performed on the [6×260] matrix containing the six statistical features selected in this study and calculated for the 260 samples. After performing the PCA, the first two component scores were retained and plotted against each other. The approach will allow the visualization of the various damage conditions by transforming the 6-dimensional damage index space into a 2-dimensional space. Fig. 6 shows a visualization via PCA of the 60 baseline data and the subsequent 200 observations. The results of the six features applied to the unprocessed signals (time domain), the vector of the wavelet coefficients (joint time-frequency domain), and the reconstructed signals (time domain) are shown in Figs. 6(a), 6(b), and 6(c), respectively. The propagation of the first anti-symmetric mode is considered. Ideally eleven distinct clusters should be observed: one cluster corresponding to the baseline and ten clusters corresponding to acquisitions 4 to 13. These ten clusters should be distinct as the acquisitions were made, according to Fig. 3(b) , at distinct damaged conditions of the structure.
It is clear that the baseline (denoted by the filled diamonds) is well separated from the damaged data. Once more an uncertainty for the data 61-80 is revealed. The 2-dimensional visualization (PC1, PC2 plane) is affected by the domain used for the analysis. For instance, the joint timefrequency domain represented in Fig. 6(b) does not provide a clear clustering of the damaged data. The plots 6(a) and 6(c) show a quasi-linear path of the clusters as the size of the fatigue crack increases. In addition, the data associated with the reconstructed signals (Fig. 6(c) ) get increasingly further away from the pristine condition enhancing the sensitivity of the method to small crack detection. The monotonic responses observed in Figs. 6(a) and 6(c) suggest that the damage index increases as the damage progresses. This behavior was observed in Fig. 5 . However, the advantage of the PCA with respect to the analysis of the single damage index component is evident in terms of damage sensitivity, i.e., the increase of damage indicators as the crack size progresses. The lines superimposed in Fig. 6 show the path taken in the 2-dimensional space as the damage increases. The features in the time domain (Figs. 6(a) and 6(c)) show linear monotonicity and the data get increasingly further away as the fatigue cracks size increases. However, the path observed from the analysis of the wavelet coefficient vector denotes a movable pattern. A similar analysis was applied to the propagation of the first symmetric mode. The PCA visualization is presented in Fig. 7 . Overall the plots show the same behavior found examining the A 0 mode. The values of both principal components are however, further away when compared to the equivalent data associated with the anti-symmetric mode. This means that the propagation of the S 0 mode is more effective than the propagation of the A 0 for detecting small crack size. To investigate whether and how the selection of the statistical features affects the performance of the PCA, a subset of three features was retained. These features were the RMS, variance and Kfactor. Figs. 8(a) and 8(b) show the results of the analysis conducted on the original time waveforms and the wavelet-based de-noised signals, respectively, associated with the propagation of the A 0 mode. Figs. 8(c) and 8(d) present the same analysis applied to the S 0 mode. Overall the linear path is confirmed. Qualitatively the selection of the statistical features affects the sensitivity of the algorithm to discriminate between small variations of the crack size.
To assess the sensitivity to crack a possible approach is to evaluate the R-squared value of the linear interpolation of the data plotted in the 2-dimensional plane, and the Euclidean distance between data associated with damage and baseline data. Closer the R-squared value is to 1 and higher is the value of the Euclidean distance, higher is the probability that different crack sizes can be distinguished. However, it is worth pointing out that some experimental evidence is in contrast with this approach. Figs. 6(a) and 8(a) show a larger number of clusters, i.e., better discrimination among crack sizes, with respect to Figs. 6(c) and 8(c), respectively, despite the Euclidean distance of each datum in the cluster is smaller.
Conclusions
This paper presents a crack detection technique for metallic waveguides using agile PZT transducers. The aim is to propose and validate a structural health monitoring scheme valid for waveguides subject to fatigue loading. Particularly, the study presented here focuses on the detection of the onset and propagation of fatigue crack induced on a steel structural beam. The technique is based on ultrasonic guided waves, discrete wavelet transform and principal component analysis. Ultrasonic waves were generated and detected by using PZT-wafers connected to a NI-PXI data acquisition system. A windowed 225 kHz toneburst was used as signal excitation. The time waveforms were processed with the discrete wavelet transform to generate a set of relevant damage sensitive features used to construct a multi-dimensional damage index vector. Finally, the dimensionality of this vector is reduced by using a principal component analysis algorithm.
Several conditions of the beam were monitored. It was demonstrated that the choice of the propagating wave mode and the application of the wavelet transform combined with the selection of appropriate statistical features might be effective to detect the initiation of fatigue cracks and to discriminate among various crack sizes. Experimental evidences suggest that the vector of the damage index obtained by computing the statistical features from the unprocessed time waveforms allows to discriminate among different crack sizes. However, by applying the discrete wavelet transform it was observed a larger distance between the data associated with damage and the baseline data. For both unprocessed and reconstructed signals a monotonic the first two principal components and the crack size was observed.
The structural health monitoring paradigm presented in this paper is applicable to many structural components having waveguide geometry such as plates, rods and pipes. Depending on the specific application, the ultrasonic configuration (whether pulse-echo or pitch-catch), the discrete wavelet transform decomposition levels, as well as the features considered in the computation of the damage index may change.
Future research may be warranted to study the effect of different mother wavelets on the algorithm performance.
